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This  study  revised  the  non-radial  angle  model  and  set up  the  meta-frontier  non-radial  angle  efﬁciency
(MNAE)  model.  Moreover,  an  angle  efﬁciency  index  was  established  in the  MNAE  model  to reﬂect  changes
in  the production  decisions  of decision-making  units  as a  result  of the  external  environment.  The  study
conducted  empirical  analysis  on  data  for 30 provinces  in China  from  2004  to  2015.  The  results  showed
that  the  eastern  area  of  China  was  sensitive  to ﬂuctuations  in the world’s  economy  and  was  able  to  quicklyeywords:
on-radial
ngle efﬁciency
EA
adjust production  decision  making;  the  western  area  lagged  relatively  behind  in making  changes,  and
the  central  area  was  not  affected.  Effects  of  international  trade  and  foreign  direct  investment  on  the
Shandong,  Jiangsu,  Fujian,  Liaoning,  Hunan,  Henan,  Jiangxi,  and  Sichuan  provinces  were  signiﬁcant  and
caused  notable  policy  changes,  which  led to short-term  resource  waste  and  policy  faults.  This  study  also
provides  policy  advice  based  on  the results.
nstitunvironmental efﬁciency
eta-frontier
©  2018  I
. Introduction
With the acceleration of modernization, the ecological envi-
onment on which human beings rely has suffered unprecedented
hreats. Increase in discharge of hazardous pollutants has severely
estricted social economic growth. In November 2015, relevant
epartments of 195 countries reached the Paris Agreement1 on
ultiple subjects, including emission objectives, relief, adaption,
amages and losses, capital, technology, ability building, trans-
arency, and global inventory, aiming to reduce losses and damages
o the ecological environment caused by carbon emissions. China
roduced the most carbon dioxide (CO2) emissions (Luo et al.,
017) and had the highest energy consumption in the world (BP,
011), which mainly came from the country’s manufacturing in ﬁve
ajor industries (agriculture, manufacturing, construction, com-
erce, and transportation). Moreover, emission and consumptionre still showing an increasing trend. Fig. 1 shows that there was an
ncrease in industrial waste gas during the research years: it rose
o 674.51 billion tons in 2011 and 694.19 billion tons in 2014. Dust
∗ Corresponding author at: School of Economics, Ocean University of China, Qing-
ao 266100, PR China.
E-mail address: shwang01@sina.com (S. Wang).
1 http://wenku.baidu.com/link?url=UsFMdSmCK6t-0XfbjvQdVjXJPelehw29LZSF8BF2vd
H2wiB3DB3ahGFjI17ijcejKksRLTW4X0IJK0JoFngiBPrXNWfg6
ttps://doi.org/10.1016/j.psep.2018.10.023
957-5820/© 2018 Institution of Chemical Engineers. Published by Elsevier B.V. All rightstion  of Chemical  Engineers.  Published  by Elsevier  B.V.  All  rights  reserved.
emission also reached its peak in 2014. According to the National
Bureau of Statistics of China (2016), in 2014, gross output of the
industrial sector accounted for 36% of China’s gross output, while
its energy consumption accounted for more than 73% of China’s
total energy consumption (excluding residential consumption). In
other words, energy intensity was twice the national level.
The 2013 China Human Development Report written by the
United Nations Development Program and the Institute for Urban
and Environmental Studies China Academy of Social Sciences points
out that the Chinese economy is in a critical period of urbanization.
Its traditional industrial structure is rigid and energy demands are
high, and this is difﬁcult to change in the short term. Therefore,
the Report of the 19th National Congress of the Communist Party
of China specially put forward that green and sustainable devel-
opment should be required to satisfy the ever-growing demand to
maintain the ecological environment. The public is paying more
and more attention to coordinated development between environ-
mental protection and economic growth and plays an increasingly
important role in environmental governance decisions (Do  et al.,
2009; Glucker et al., 2013).
As per the greenhouse gas emission control objective, the Chi-
nese government has set the target of CO2 emission per unit of grossAhSfFn47oB5X
domestic product (GDP) in 2020 as 18% less than that in 2015. In
recent years, many provinces have adopted this 18% target to save
energy by implementing the appropriate measures. However, judg-
ing from the process, several provinces such as Jiangsu, Zhejiang,
 reserved.
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ebei, and Shanxi have implemented some uncommon energy-
aving and emission reduction measures, such as power cutting and
toppage of work and production, to achieve this objective. More-
ver, other provinces that had further energy-saving potential lost
heir impetus for energy saving. Therefore, a sweeping approach
o manage energy saving and emission reduction without consid-
ring the disparity among different areas will deﬁnitely result in
aste and low-utilization efﬁciency of resources. Hence, one must
onsider the trend and potential of economic growth of not only
ne area but also the overall national pathway to ensure a win-
in situation as regards economic growth and carbon emission
eduction.
Data envelopment analysis (DEA) is an effective tool to calculate
elative efﬁciency, and it has been applied widely since its devel-
pment (Cook and Seiford, 2009). Based on the DEA, an evaluation
pproach that considers environmental performance has gradually
ecame one of the best internationally recognized methodologies
n the ﬁeld of environmental performance (Song et al., 2012). It also
lays an important role in evaluating environmental governance
ecisions. The emerging non-homogeneity problem in recent years
n evaluating environmental issues has presented new challenges
n the application of the DEA method in environmental gover-
ance. By default, the DEA model assumes that decision-making
nits (DMUs) have exactly the same external environments, input
nd output indexes, etc. However, in an actual production process,
uch assumption is often difﬁcult to realize (Haas, 1998; Saen, 2007;
aen et al., 2005). However, if we do evaluate with such an assump-
ion of homogeneity among DMUs, the DMUs may  not improve
n some situations, which will have signiﬁcant negative inﬂuences
n the evaluation and enactment of management decisions. In the
pplication of DEA, scholars have increasingly focused on this non-
omogeneity problem as an important research direction; see, for
xample, Feng and Wang (2017) and Tapia et al. (2017).
The purpose of this study is to explore the evolution of histori-
al energy efﬁciency, reasons for energy inefﬁciency, and provincial
nergy saving potential during the period of 2004 to 2015. We adopt
he meta-frontier slack-based measurement (SBM) model that con-
iders regional heterogeneity. Then, we decompose measurement
esults from the aspects of technology contribution, technology
ap, management, and scale efﬁciency. Based on this, we include
ifferences between the regional optimum and overall optimum
s well as differences between the long-term optimum and short-
erm optimum into our model to set up an angle meta-frontier SBM
odel. Thus, we can effectively address the shortcomings of the
riginal radial evaluation model. After modeling, we  measure the
otential of every area in China as regards energy saving and the
orresponding improvement objectives.
The remainder of this paper is structured as follows. Section 2
resents the literature review. Section 3 describes the methodol-ureau of Statistics of China (NBSC), China Statistical Year Book, 2005–2016.
ogy used, and section 4 presents the data and descriptive statistics.
Section 5 presents the empirical results and discussion, and section
6 provides the conclusions.
2. Literature review
Many scholars abroad have researched the evaluation of energy
efﬁciency. For example, Honma and Hu (2008) evaluated energy
efﬁciency in Japan. Shi et al. (2010) found that the average perfor-
mance of the eastern coastal areas in China was higher than that
of the central and western areas through the evaluation of indus-
trial efﬁciency of every province in China during 2000 and 2006. Li
and Lin (2015) measured the energy efﬁciency performance with
CO2 emissions for 30 provinces in China during 1997–2011. Lin and
Yang (2014) and Lin and Zheng (2017) evaluated the energy efﬁ-
ciencies of China’s power and paper industries; Guo et al. (2017)
analyzed the energy efﬁciency of 30 provinces in China.
However, these studies have a common problem: they did not
consider non-homogeneity among DMUs. According to Dyson et al.
(2001), DMUs can be considered as homogeneous and DEA  envi-
ronmental efﬁciency can be evaluated only if the following three
conditions are met: DMUs have the same technological level; DMUs
have the same input and output indexes; and DMUs are in the
same environment. When evaluating non-homogeneous DMUs  on
the same frontier, some DMUs may  not be able to improve in the
planned direction. Hence, the evaluation results of these studies
are unsatisfactory when judged by the standard of Dyson et al.
(2001). Consequently, the policy suggestions in these studies are
not optimal.
Another shortcoming of above literature is that the researchers
only considered energy input and ignored the undesirable output.
Although energy input would affect undesirable output, if energy
utilization efﬁciency can be improved, undesirable output would
decline. Several scholars have measured the emission reduction
performance of DMUs using methods such as the SBM model set
up by Tone (2001) and the directional distance function (DDF)
model set up by Chung et al. (1997). Many scholars have con-
ducted detailed research based on these two models. For example,
Sueyoshi and Goto (2011) measured the returns to scale of desir-
able output and damages to scale of undesirable output at the same
time through the DEA model; Fukuyama and Weber (2009) devel-
oped a slack-based inefﬁciency measurement based on the DDF;
Färe and Grosskopf (2010) proposed a generalized non-radial DDF;
Barros et al. (2010) proposed a weighted Russell DDF.
Technological and environmental disparities exist among differ-
ent areas in China, and the energy saving and emission reduction
potential of every area varies as well. Thus, scholars have expressed
great interest in identifying ways to evaluate the comprehensive
environmental performance regarding energy saving and emission
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eduction of every area by using the DEA method (Shao, 2017). Thus,
ome scholars put forward that DMUs with similar environments
hould be classiﬁed into one group to carry out the environmen-
al efﬁciency evaluation of every group respectively (Lin and Zhao,
016). Shao (2017) and Tian et al. (2017) tried the above method
s well. They named the production frontier that consisted of all
MUs as the meta-frontier and the production frontier composed
f each group as the group-frontier. DMUs in each group only need
o be optimal in their own groups. This method successfully solved
he planning failure problem that resulted from the external envi-
onment.
The latest attempt was conducted by Feng and Wang (2017),
hich introduced the meta-frontier DEA into the evaluation of
hina’ energy efﬁciency, and it decomposed energy efﬁciency and
nergy saving potential into three components—technology gap,
anagement, and scale. However, although Feng and Wang con-
idered the non-homogeneity of DMUs, they still did not include
ndesirable output into the analysis. We  believe that if energy and
ollution discharge are respectively taken as the input and undesir-
ble output, it will be inevitably required for as few energy inputs
nd undesirable outputs as possible while as many outputs as pos-
ible. In this case, the radial evaluation method will not satisfy the
equirements of evaluation. Furthermore, Feng and Wang (2017)
ook the ratio between the evaluation efﬁciency m of DMUs on the
eta-frontier and that on the group-frontier as the technology gap
atio. If the original model considered undesirable output, then m
nd g would not be in the same direction but at an angle of ˇ.
he appearance of ˇ would have a considerable inﬂuence on the
onclusions of the model.
In this study, we expand the energy efﬁciency model of Feng and
ang (2017) in an attempt to build an environmental efﬁciency
odel that considers regional non-homogeneity. Hereinafter, we
ill explain this viewpoint step by step and evaluate the environ-
ental efﬁciency of each area in China.
. Methodologies
In this section, we use the research method of Feng and Wang
2017) as reference to build the production possibility set of a low-
arbon economy PPSt . Period t = 1, 2, 3. . . T and its PPSt meet the
ollowing assumptions:
ssumption 1. Envelopment assumption
Ytj , U
t
j , L
t
j , K
t
j , E
t
j
)
∈ PPSt, j = 1, 2, ..., n
ssumption 2. Convexity assumption
If
Ytj , U
t
j
, Lt
j
, Kt
j
, Et
j
)
∈ PPSt, and
(

Yt
j
,

Ut
j
,

Lt
j
,

Kt
j
,

Et
j
)
∈ PPSt, j = 1, 2, ..., n
then(
Yt
j
, Ut
j
, Lt
j
, Kt
j
, Et
j
)
+ (1 − ˛)
(

Yt
j
,

Ut
j
,

Lt
j
,

Kt
j
,

Et
j
)
∈ PPSt, ∀˛ ∈ [0, 1]
ssumption 3. Cone assumption
If
Ytj , U
t
j , L
t
j , K
t
j , E
t
j
)
∈ PPSt, t ≥ 0
hen
t
(
Ytj , U
t
j , L
t
j , K
t
j , E
t
j
)
∈ PPStAccording to Feng and Wang’s model (2017), the improvement
athway of DMUs is input-oriented. It reaches the group-frontier
rst to realize the effectiveness of a group and then reaches the
eta-frontier to realize the effectiveness of the whole. The gapental Protection 121 (2019) 281–289 283
between the group-frontier and meta-frontier is called the tech-
nological gap ratio. However, such an improvement mode has the
following three aspects that do not meet the real social production
status.
1) The original model did not consider the viscosity of input; that
is, the ability of DMU  shrinkage for each input is different.
For example, because of the labor contract, large-scale job cut-
ting cannot be carried out or the DMU  cannot change ﬁxed
asset inputs, such as the equipment and workshop, in the short
term. Practically, production factors have differences as regards
property, use procedure, and position. Accordingly, their input
viscosity is different, which was  not considered in the original
model.
2) By default, the original model considered that the output was
invariant and was maintained at a ﬁxed level no matter the ﬁrst
or second improvement. Moreover, the decision makers needed
to increase output to gain more proﬁts instead of reducing input.
As the market price of one unit of goods is generally higher
than the production cost, when there are increasing RTS, the
cost saved by reducing one unit of input should be less than the
proﬁt increased by expanding one unit of production. Hence,
maintaining the production level invariant does not conform to
the manufacturers’ principle of proﬁt maximization.
3) The original model did not consider the strategic change in
DMUs. During the two processes of being effective in a group and
on the whole, DMUs always use the radial programming method.
As it is radial improvement, all inputs can only be reduced based
on the same proportions. This is in line with the thought that
DMUs all use the same production strategy no matter the pro-
cess of being effective on the group-frontier or the meta-frontier
(as the direction of the two  processes is the same). In fact, it also
difﬁcult for this point to meet with the true production status.
When enterprises adopt a strategy and realize effectiveness on
the group-frontier, their environment has changed already—not
only the internal production structure, technology, and factor
inputs, but also the external target manufacturers. Hence, as
they are now at a higher position, enterprises are unlikely to
adopt the original production strategy to improve efﬁciency.
To continue optimizing production, manufacturers may  adopt
different production strategies.
3.1. Comparison with Feng and Wang (2017)
Feng and Wang (2017) only considered energy efﬁciency with-
out the undesirable output to establish an environmental efﬁciency
model that considers both energy and pollution. Thus, their
research only used the radial programming model. Based on the
original model, we  further put forward Assumption 4 as follows.
Assumption 4. Disposable assumption
If(
Ytj , U
t
j , L
t
j , K
t
j , E
t
j
)
∈ PPSt, j = 1, 2, ..., n
and

Ytj ≤ Ytj ,

Utj ≤ Utj ,

Ltj ≥ Ltj ,

Ktj ≥ Ktj ,

Etj ≥ Etj
then(

Ypr ,

Up
b
,

Z(p,k)
f
,

Xp
i
,

Z(p,k)
d
)
∈ PPSt, 0 ≤ p ≤ 1According to Assumption 4, we added t to express the weak
disposability assumption of the undesirable output. This improved
the default strong disposability assumption of undesirable output
in the original model. In fact, the strong disposability assumption
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ot only violated physical production but was also difﬁcult to real-
ze in the model’s operation. That is because undesirable output
annot be illimitably reduced when energy input is ﬁxed. Under
he above axiomatic assumptions, PPSt is given as follows:
PPSt =
{(
Yt
j
, Ut
j
, Lt
j
, Kt
j
, Et
j
)
|
n∑
j=1
t
j
Y t
j
≥ Yt, t
n∑
j=1
t
j
Ut
j
≥ Ut,
n∑
j=1
t
j
Lt
j
≥ Lt,
n∑
j=1
t
j
Kt
j
≥ Kt,
n∑
j=1
t
j
Et
j
≥ Et, p
j
≥ 0, 0 ≤ p ≤ 1, j = 1, 2, ..., n
} (1)
The output set of period t is
t
(
Lt, Kt, Et
)
=
{(
Yt, Ut
)
|
(
Lt, Kt, Et
)
can produce(
Yt, Ut
)}
, t = 1.2, ..., T (2)
Formula (2) expresses the possible output combinations at
eriod t when the input was ﬁxed. By summarizing the output
ombinations at different times, we can obtain the global output
et PG = P1 ∪ P2 ∪ ... ∪ PT .
If the undesirable output is to be considered, not only the con-
tituents of the model but also the research thought will be changed
reatly. Adoption of only radial programming will not be enough to
ealize the research objective. Moreover, the decision makers will
ave to reduce the input and undesirable output as well as increase
utput. Thus, to overcome the shortcomings of the radial model in
eta-frontier application, we tried to use the non-radial method
or measurement. Improvement can move toward the directions
nd sizes that are favorable for every input and output.
This study tries to set up a meta-frontier non-radial angle efﬁ-
iency (MNAE) model that considers undesirable output as shown
n Fig. 2. In the ﬁgure, X refers to the input, U refers to the unde-
irable output and Y refers to the output. The meta-frontier and
roup-frontier are shown in the ﬁgure, and DMU  P is below the
roup-frontier. For simplicity, we call the envelop line that passes
oint P and is parallel with plane XU as the cross-frontier, and the
rojection of point P on plane XU is point P1. According to the radial
rogramming method of Feng and Wang (2017), in the ﬁrst step, the
nput and undesirable output can be reduced to point P2, while the
utput remains unchanged; in the second step, the input and unde-
irable output can be further reduced to point P5, and P2P5/P1P5 is
he technology gap ratio (TGR). This leads to the fact that DMUs P,
2, and P5 are in a same direction. Thus, both group-frontier and
eta-frontier can be calculated as per the scalar quantity. Actually,
uch a deﬁnition is just the ratio of the norms of efﬁciency valueental Protection 121 (2019) 281–289
vectors. That is why we redeﬁne it as the pure technology gap ratio
(PTGR).
As shown in Fig. 2, after introducing the undesirable output,
DMU P ﬁrst moved to point P3 in the direction of PP3 and real-
ized effectiveness in a group; output was  increased while input
was reduced in the same time; then, it moved to point P4 in the
direction of P3P4 and realized effectiveness on the whole; output
was further increased while input was reduced in the same time.
Though improvement at two times both realized an increase of out-
put and reduction of input, due to different directions of PP3 and
P3P4, there were differences in production strategy in the two  pro-
gramming as to DMUs. The slope of PP3 was bigger than that of
P3P4, meaning that the priority of the ﬁrst improvement was an
increase of output, while that of the second improvement was  a
reduction of input. Because of limited resources, DMUs could only
have one priority in a certain period, either to increase outputs
or to reduce inputs. It is in line with the improvement strategy of
DMUs. This method addressed the shortcomings of the radial model
mainly in following aspects: 1) Each type of input did not have to
change in the same proportion due to adoption of the SBM method;
2) the objective of increasing the output was  realized; and 3) dif-
ferent production strategies were used by the DMUs for the two
improvements.
If the programming of DMU  P follows the meta-frontier, its
optimal programming objective will be P4. Then, there will be an
angle ˇ between the vectors PP3 and PP4. According to the deﬁni-
tion by Feng and Wang (2017), the technology gap ratio should be
expressed as
TGR =
∣∣∣→Pm∣∣∣∣∣∣→Pg∣∣∣ cos ˇ = PTGR × cos ˇ = PTGR × AE (3)
Thus, the TGR can be decomposed to the product of PTGR and
cos ˇ. cos ˇ is the angle efﬁciency (AE), for which the range of values
is (0, 1). When AE = 1, the improvement pathways at the two  times
are the same. At this time, the MNAE model can be simpliﬁed to
Feng and Wang’s (2017) model. Thus, under the group-frontier, the
MNAE model can be expressed as
min  g (L0, K0, E0, Y0, U0|CRS)⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
Ng∑
j=1
tj L
t
j + S−l = Lt0,
Ng∑
j=1
tj K
t
j + S−k = Kt0
Ng∑
j=1
tj Y
t
j − S+y = Yt0,
Ng∑
j=1
tj E
t
j + S−e = Et0
t
Ng∑
j=1
tjU
t
j + S−u = Ut0
t
j
≥ 0, t ∈ (0,  1],  j = 1, 2, ..., Ng
(4)Here, t
j
refers to intensity vector used to build a ﬁctitious DMU
or projection-frontier. As formula (4) has a nonlinear formulation,
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e divide both sides of t
Ng∑
j=1
t
j
Ut
j
+ S−u = Ut0 by t and then set
t = 1/t and Mtu = S−u /t . Accordingly, we get
min  g (L0, K0, E0, Y0, U0|CRS)⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
Ng∑
j=1
tj L
t
j + S−l = Lt0,
Ng∑
j=1
tj K
t
j + S−k = Kt0
Ng∑
j=1
tj Y
t
j − S+y = Yt0,
Ng∑
j=1
tj E
t
j + S−e = Et0
Ng∑
j=1
tjU
t
j + M−u = tUt0
t
j
≥ 0, t ∈ (1,  +∞), j = 1, 2, ..., Ng
(5)
Similarly, under the meta-frontier, the MNAE model can be
xpressed as
min  m (L0, K0, E0, Y0, U0|CRS)⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
N∑
j=1
tj L
t
j + S−l = Lt0,
N∑
j=1
tj K
t
j + S−k = Kt0
N∑
j=1
tj Y
t
j − S+y = Yt0,
N∑
j=1
tj E
t
j + S−e = Et0
N∑
j=1
tjU
t
j + M−u = tUt0
t
j
≥ 0, t ∈ (1,  +∞), j = 1, 2, ..., N
(6)
If we add
∑
t
j
= 1 in its constraint conditions, it indicates
hat there are variable returns to scale (VRS), from which we  can
et efﬁciency values under VRS as g (VRS) and m (VRS), respec-
ively. We deﬁne slack variables gained by the group-frontier
s
(
Sg−
l
, Sg−
k
, Sg−e , S
g−
y , S
g−
u
)
and those by the meta-frontier as
Sm−
l
, Sm−
k
, Sm−e , S
m−
y , S
m−
u
)
. Then, we get
→
P3 =
(
Sg−
l
, Sg−
k
, Sg−e , S
g−
y , S
g−
u
)
, (7)
→
P4 =
(
Sm−
l
, Sm−
k
, Sm−e , S
m−
y , S
m−
u
)
, (8)
And
E = cos ˇ =
→
PP3 ·
→
PP4∣∣∣ →PP3∣∣∣× ∣∣∣ →PP4∣∣∣
= S
g−
l
Sm−
l
+ Sg−
k
Sm−
k
+ Sg−e Sm−e + Sg−y Sm−y + Sg−u Sm−u√∑
i=m,g
(
Si−
l
)2 + (Si−
k
)2 + (Si−e )2 + (Si−y )2 + (Si−u )2
(9)
Objective functions g and m in formulae (4) to (6),
espectively, refer to be-solved objective functions under the
roup-frontier and meta-frontier. To prevent the shadow price of
he undesirable output being negative, we adopt an input-oriented
lack-based measure for modiﬁcation. Expression of objective func-
ion is as follows:In the input orientation:
 = 1 −
(
St−
l0
Lt0
+ S
t−
k0
Kt0
+ S
t−
e0
Et0
)
(10)ental Protection 121 (2019) 281–289 285
3.2. Global Malmquist index with non-radical decomposition
Using Oh (2010) as reference, the Global Malmquist (GM) index
for measuring efﬁciency changes from period t to period t + 1 and
can be deﬁned as follows:
GMt,t+1 =
Gm
(
Lt+10 , K
t+1
0 , E
t+1
0 , Y
t+1
0 , U
t+1
0
∣∣CRS )
Gm
(
Lt0, K
t
0, E
t
0, Y
t
0, U
t
0
∣∣CRS ) (11)
In the total factor low-carbon economy efﬁciency value Gm,
G refers to being under the global period’s benchmark technol-
ogy; that is, when calculating the relative efﬁciency using the DEA
method, DMUs at all periods are included in the range of evalua-
tion. When GMt,t+1 is respectively higher, equal to, or lower than
1, it is deemed that efﬁciency at period t + 1 is higher, equal to, or
lower than that at period t. According to Pastor and Lovell (2005),
the GM index can be decomposed into GTCHt,t+1 and GECHt,t+1:
GMt,t+1 = GTCHt,t+1 × GECHt,t+1, (12)
GTCHt,t+1 =
Gm
(
Lt+10 , K
t+1
0 , E
t+1
0 , Y
t+1
0 , U
t+1
0 |CRS
)
t+1m
(
Lt+10 , K
t+1
0 , E
t+1
0 , Y
t+1
0 , U
t+1
0 |CRS
)
/
Gm
(
Lt0, K
t
0, E
t
0, Y
t
0, U
t
0|CRS
)
tm
(
Lt0, K
t
0, E
t
0, Y
t
0, U
t
0|CRS
) (13)
GMt,t+1 =
Gm
(
Lt+10 , K
t+1
0 , E
t+1
0 , Y
t+1
0 , U
t+1
0 |CRS
)
Gm
(
Lt0, K
t
0, E
t
0, Y
t
0, U
t
0|CRS
) (14)
t and t + 1 in the total factor low-carbon economy efﬁciency values
tm and 
t+1
m respectively indicate that periods t and t + 1 are taken as
benchmarks. That is, when calculating the relative efﬁciency using
the DEA method, DMUs at periods t and t + 1 are included in the
range of evaluation. GECHt,t+1 indicates a change in technology,
which is used to measure time-dependent variations of the ratio
between the technology level at all times and at period t. GECHt,t+1
is used to calculate time-dependent variations of the ratio between
total factor productivity in period t + 1 and in period t when periods
t + 1 and t are taken as benchmarks. When GTCHt,t+1 and GECHt,t+1
are respectively higher, equal to, or lower than 1, technology and
efﬁciency in period t + 1 are respectively higher, equal to, or lower
than technology and efﬁciency in period t. Wang et al. (2013) fur-
ther decomposed GECHt,t+1 into change in technology gap ratio
between the group-frontier and meta-frontier (TGCH), change in
scale efﬁciency under the group-frontier (SECH), and change in
management efﬁciency under the group-frontier (MECH). When
TGCH, SECH, and MECH are respectively higher, equal to, or lower
than 1, the technology gap, scale efﬁciency, and management efﬁ-
ciency at period t + 1 are respectively higher, equal to, or lower than
those in period t. Under the condition of non-radial decomposition,
we can decompose GM index into:
GMt,t+1 = GTCHt,t+1 × AECHt,t+1 × PTGCHt,t+1 × SECHt,t+1
× MECHt,t+1 (15)
Among which
AECHt,t+1 = AEt+1/AEt (16)
t+1m
(
Lt+1, Kt+1, Et+1, Yt+1, Ut+1|CRS
)
t+1g L
t+1
0 , K
t+1
0 , E
t+1
0 , Y
t+1
0 , U
t+1
0 |CRS
/
tm
(
Lt0, K
t
0, E
t
0, Y
t
0, U
t
0|CRS
)
tg
(
Lt0, K
t
0, E
t
0, Y
t
0, U
t
0|CRS
) (17)
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Table 1
Summary statistics of inputs and outputs.
Index Unit Obs. Min  Max  Mean Std. Dev.
K trillion RMB  360 14.310 235.616 96.517 73.116
L  million person 360 108.373 185.142 136.714 30.354
SC  billion tons 360 2.233 5.932 4.134 1.29486 M. Song et al. / Process Safety and Env
ECHt,t+1 =
t+1g
(
Lt+10 , K
t+1
0 , E
t+1
0 , Y
t+1
0 , U
t+1
0 |CRS
)
t+1g
(
Lt+10 , K
t+1
0 , E
t+1
0 , Y
t+1
0 , U
t+1
0 |CRS
)
/
tg
(
Lt0, K
t
0, E
t
0, Y
t
0, U
t
0|CRS
)
tg
(
Lt0, K
t
0, E
t
0, Y
t
0, U
t
0|CRS
) (18)
ECHt,t+1 =
t+1g
(
Lt+10 , K
t+1
0 , E
t+1
0 , Y
t+1
0 , U
t+1
0 |VRS
)
tg
(
Lt0, K
t
0, E
t
0, Y
t
0, U
t
0|VRS
) (19)
. Data and descriptive statistics
Tibet was not included in our analysis due to lack of data. Data
or the other 30 provinces of China from 2005 to 2015 were selected
s the research sample in which the 11th and 12th Five-year Plans
ere covered. The computing methods of the model’s input and
utput indexes are as below:
) Capital stock (K): The perpetual inventory method is used to
estimate the capital stock as follows:
t = Kt−1
(
1 − ı
)
+ It/Pt (20)
here t refers to time; Kt refers to the capital stock in year t; ı refers
o the depreciation rate and equals 9.6%; I refers to investment in
ear t; and P refers to the price index. Moreover, 2003 is taken as the
ase year. As the State Statistics Bureau no longer announces the
ggregate data on capital and investment since 1993, we  replace I
ith the total investment in ﬁxed assets and P with the price index
f investment in ﬁxed assets. The relevant data are aggregated from
ach year’s China Statistical Yearbook from 2005 to 2016.
) Labor input (L) and output (Y): The year-end number of
employees and industrial gross output are respectively used to
represent labor input and output. Data are aggregated from each
year’s China City Statistical Yearbook.
) Consumption of standard coal (SC): The products of consump-
tion and standard coal coefﬁcient of nine energy sources are
summed up to represent SC. The nine energy sources include
coal, coke, crude oil, petroleum, kerosene, diesel, fuel oil, natural
gas, and electric power. Standard coal consumption is calculated
as follows:
C =
9∑
i=1
(a × Ei), (21)
here a stands for the standard coal coefﬁcient, and E stands for
nergy consumption. Data are aggregated from each year’s China
nergy Statistical Yearbook.
) Undesirable output index (UO). Fumes emission and sulfur diox-
ide (SO2) emission are used to represent the undesirable output.
The data are aggregated from each year’s China Environment Sta-
tistical Yearbook and the website of the State Statistical Bureau.
. Empirical analysis results and discussion
Report of the 19th National Congress of the Communist Party
f China pointed out that the unbalanced economic development
n China has become the principal contradiction in Chinese soci-
ty. The eastern region in China has developed very fast, while
he central and western regions are lagging behind. Moreover,
he economic gap among these regions is increasing gradually.
any scholars have already carried out environmental efﬁciencyY  trillion RMB  360 16.770 72.174 42.903 19.490
UO  billion tons 360 2.377 6.940 4.952 1.721
analyses of 30 provinces in these three broad regions (Watanabe
and Tanaka, 2007), but most provinces in the central and western
regions have failed to improve as planned due to non-homogeneity
among DMUs. Therefore, this study uses the meta-frontier method
for analysis. This section presents the MNAE efﬁciency values of
China’s 30 provinces and then decomposes them. Next, it conducts
regression analysis to identify each area’s key index that stimulates
its development as well as identify its energy saving and emis-
sion reduction potential. All estimations in this study are based on
provincial panel data (Table 1).
5.1. Analysis of MNAE changes
We  obtain the MNAE values of China’s 30 provinces according
to formulae (5) and (6) and divide them as per the eastern, central,
and western regions to determine the average MNAE value of each
region. For easy understanding, we illustrate the MNAE trends as
shown as Fig. 3.
We use the bold line to represent the meta-frontier efﬁciency
values and ﬁne lines to represent group-frontier efﬁciency val-
ues. The eastern, central, and western regions are expressed by
blue, yellow, and red colors, respectively. The greater is the gap
between the meta-frontier and group-frontier is, the greater is the
gap between the efﬁciency level of one region and the overall efﬁ-
ciency level. Fig. 3 shows that eastern region’s the group-frontier
efﬁciency value is in accordance with its meta-frontier efﬁciency
value; however, there is a small distance between these values for
the central region but a greater distance for the western region.
This indicates that efﬁciency in the western region is very low, and
great effort should be made to change the existing conditions.
We  individually listed the pure technological gap ratios of 11
provinces in the western region. Table 2 shows that the decline in
Guizhou, Shaanxi, Yunnan, and Qinghai has been signiﬁcant since
2010, indicating that the development of economy and technol-
ogy in these provinces has gradually fallen behind other provinces.
Besides, underdeveloped areas suffered more growth resistance
during the global ﬁnancial crisis of 2007, while the developed
eastern region, having great potential for economic growth, was
prioritized by every economic entity for investment after the global
economy recovery since 2010. This further aggravated the decline
of economic efﬁciency in the western region
5.2. Decomposition of MNAE
According to formula (15), we calculate the decomposed MNAE
values of the eastern, central, and western regions. Please refer to
Table 4 for details.
In the eastern region, changes in GTCH, PTGCH,  SHCH, and MECH
were not signiﬁcant, while change in only AECH from 2007 to 2008
was signiﬁcant. AECH was  0.5 in 2007 and rose to 1.9 in 2008, indi-
cating that production decisions had changed greatly in the eastern
region from 2007 to 2008. The AE index put forward in this study
is used to measure the angle between being optimal in the group-
frontier and directly being optimal in the meta-frontier. If the angle
was large, there would be great differences in the decisions of DMUs
when pursuing the short-term or long-term optimum. Such differ-
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Fig. 3. Annual changes in MNAE efﬁciency values in China between 2004 and 2015.
Note: E represents eastern China, C represents central China, and W represents western China.
Table 2
Pure technological gap ratio in western China.
Year Sichuan Chongqing Guizhou Yunnan Shaanxi Gansu Qinghai Ningxia Xinjiang Guangxi Inner Mongolia
2004 0.819 0.607 0.779 1.000 0.736 0.782 0.977 0.726 1.000 0.786 0.870
2005 0.835 0.639 0.845 0.806 0.793 0.826 0.998 0.840 1.000 0.761 0.897
2006 0.822 0.594 0.830 0.741 0.786 0.824 1.000 0.861 1.000 0.759 0.929
2007 0.696 0.491 0.729 0.715 0.729 0.779 0.720 0.793 0.665 0.731 0.720
2008 0.724 0.665 0.767 0.814 0.703 0.804 0.993 0.865 1.000 0.747 0.945
2009 0.715 0.676 0.636 0.792 0.714 0.756 0.944 0.833 1.000 0.728 0.793
2010 0.733 0.708 0.775 0.853 0.722 0.824 1.000 0.915 1.000 0.725 0.964
2011 0.776 0.785 0.806 0.822 0.768 0.809 0.978 0.918 1.000 0.767 0.898
2012 0.818 0.645 0.620 0.792 0.799 0.776 0.930 0.867 1.000 0.783 0.870
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t2013 0.708 0.634 0.668 0.766 0.744 
2014 0.753 0.646 0.667 0.727 0.722 
2015 0.694 0.666 0.694 0.726 0.699 
nces in decisions usually lead to waste in the production process.
enerally, due to inﬂuence of the leader, each production decision
f each DMU  does not change sharply in a certain period. If so, there
ust be changes of surrounding environment. It is safe to say that
he AE index reﬂects the environmental change that DMUs face.
The eastern region’s economy is the most developed in China.
he economy, technology, and culture of this region are under the
nﬂuence of foreign direct investment (FDI). Import and export are
oving upward day by day, which makes this region very sensi-
ive to export and investment. The global economic crisis during
007 and 2008 resulted caused a global economic downturn and
eduction of orders, compelling the eastern region to change trade
atterns. The product processing and manufacturing industries,
hich previously catered to export, now turned toward the domes-
ic market. Thus, the economic crisis affected the AE index of the
astern region and resulted in great ﬂuctuations. However, from
009, the eastern region gradually adapted to the unfavorable inﬂu-
nces of the economic crisis and adopted a post-crisis economic
rowth mode. Therefore, its AE index eventually gained stability.
Effects of the economic crisis in 2008 on the AE index of the
estern region were not as signiﬁcant as those in 2010. This may
e because this region was not sensitive to global economic ﬂuctu-
tions and did not communicate with external regions frequently.
esides, decline of sales of bulk goods was also an important rea-
on for the change in production decisions in the western region.
ased on analysis of these three regions, ﬂuctuation of the AE index
f the western region was the sharpest and its production decisions
hanged frequently. This indicates that the western region had not
ound the way that was  suitable for its development and could not
ustain its comparative advantages and core competitiveness in a
urbulent environment.71 0.912 0.895 1.000 0.760 0.950
63 0.918 0.773 1.000 0.743 0.930
52 0.860 0.762 1.000 0.740 0.929
The AE index of the central region was  smooth from beginning
to end. This indicated that while the production decisions of this
region were consistent all the time, communications between this
region and the world were rare. Thus, the central region needs to
open up trade and investment to guarantee fast development of the
economy and technology.
5.3. Regression and analysis of AE
The external environment impacts every province through
interference of uncontrollable factors such as natural disaster, war,
disease, and religion. To measure the external inﬂuences on each
province, we  collected the data on total import and export vol-
umes as well as the FDI index for each province from 2005 to 2015.
Based on the individual AE index of each province, the AE values of
Beijing, Shanghai, Guangdong, and Shenzhen were always 1, indi-
cating that these cities were on the production frontier all along.
Upon eliminating these cities for an ordinary least squares regres-
sion analysis, we found that the import and export volumes and
FDI indexes of eight provinces had signiﬁcant inﬂuences on their
AE index. According to Table 3, inﬂuence of the FDI index was  sig-
niﬁcant for Fujian and Shandong, and it was positive for Fujian.
This indicated that the previous production decision of Fujian was
enhanced along with input of FDI. Thus, FDI could stimulate the
development of the economy and technology in Fujian. The regres-
sion coefﬁcient of FDI for Shandong was negative, meaning that
there was a large deviation in the production decision of Shandong
with the input of FDI. This also explained that FDI interfered with
the normal development of the economy of Shandong, even though
it had issued many preferential policies over the years to attract
foreign business and investment. Some other provinces in China
also faced interference through the input of FDI, including Henan,
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Table  3
Annual changes in MNAE and its decomposition in the eastern, central, and western
region between 2005 and 2015.
Eastern
Year GM GTCH AHCH PTGCH SHCH MECH
2005 0.963 0.918 1.029 0.988 1.025 1.006
2006 0.910 1.013 0.957 1.009 0.944 0.984
2007 0.511 1.075 0.502 0.926 1.048 0.975
2008 1.963 0.944 1.904 1.081 1.004 1.006
2009 1.009 0.926 1.090 1.003 0.997 1.000
2010 1.031 1.027 1.007 1.000 0.999 0.998
2011 1.040 1.034 1.003 1.000 0.993 1.010
2012 0.940 0.997 0.942 1.000 1.001 1.001
2013 0.964 0.994 0.982 0.996 0.973 1.019
2014 1.018 1.019 1.016 0.994 0.996 0.994
2015 1.003 1.016 1.008 1.010 0.970 1.000
Central
2005 1.101 0.917 1.146 1.027 0.997 1.023
2006 0.957 0.953 1.029 0.914 1.073 0.995
2007 0.959 1.073 0.922 1.016 0.978 0.976
2008 0.863 0.979 0.877 0.970 0.982 1.056
2009 1.031 0.937 1.130 1.016 0.966 0.992
2010 1.089 1.011 1.056 1.007 1.011 1.003
2011 1.131 1.037 1.051 1.054 0.999 0.985
2012 1.011 1.015 1.001 1.015 0.991 0.991
2013 0.913 1.003 0.939 0.995 0.982 0.993
2014 1.051 1.026 1.039 0.994 1.022 0.971
2015 1.047 1.013 1.042 1.018 0.996 0.979
Western
2005 0.733 0.912 0.800 1.004 1.000 1.000
2006 0.919 0.946 0.978 0.985 0.999 1.009
2007 1.179 1.133 1.205 0.849 1.006 1.011
2008 0.504 0.847 0.489 1.166 1.025 1.018
2009 0.705 0.922 0.778 0.952 1.012 1.019
2010 2.372 0.994 2.323 1.070 0.968 0.991
2011 0.902 1.002 0.868 1.018 1.010 1.008
2012 0.943 0.976 0.967 0.954 1.034 1.013
2013 0.720 0.963 0.755 0.988 0.985 1.018
2014 1.068 1.001 1.078 0.986 1.014 0.990
2015 0.907 0.995 0.920 0.988 1.008 0.994
Table 4
Results of the regression.
Region Trade FDI Region Trade FDI
Fujian
9.08 5.08***
Jiangxi
−1.63* 1.03*
(0.16) (2.62) (-1.85) (1.79)
Henan
1.36* −5.47*
Shandong
4.80 −2.24*
(0.14) (-1.52) (0.91) (-1.42)
Jiangsu
−3.78* 6.11*
Liaoning
1.08* −3.11*
(-1.62) (1.49) (1.36) (-1.38)
Chongqing
9.28** −4.52
Hunan
1.57** −4.69**
(1.95) (-0.51) (1.73) (-1.68)
Note: *, **, and *** refer to the estimated values of parameters being signiﬁcant at
the 15%, 10%, and 5% levels, respectively; values in parentheses are T values of the
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Many FDIs are looking for resources or pollution transfer. In the
short term, these FDIs may  bring great returns to the local area, butstimated values of every parameter.
hongqing, Liaoning, and Hunan. Thus, we should consider FDI to
hina in recent years more rationally to prevent resource waste and
anagement errors resulting from the blind introduction of FDI.
Inﬂuences of import and export trades on provinces such as
unan, Chongqing, Liaoning, and Henan were positive, meaning
hat import and export trades could stimulate stable improvement
f the economy and maintain robustness of the government and
nterprise decisions in these areas. These areas should develop
mport and export trades with great force to improve their eco-
omic abilities. However, for Jiangsu and Jiangxi, inﬂuences of
mport and export trades were negative, indicating that import and
xport trades were not suitable for local economic growth. Thus,
hese provinces should made efforts to attract FDI and maintain
he robustness of policies to avoid resource waste.ental Protection 121 (2019) 281–289
6. Conclusions
Energy saving and emission reduction are inevitably required
for improvement of environmental efﬁciency (Song and Wang,
2017). However, emission reduction will also lead to output decline,
thus developing a contradiction between economic growth and
environmental protection.
In this study, we modiﬁed the model of Feng and Wang (2017)
and set up the MNAE model, which effectively transformed the
radial evaluation method into the non-radial method and improved
the conclusions of Feng and Wang (2017). In the MNAE model, we
built a new AE index to measure environmental changes that each
DMU faces. Thus, in the empirical analysis, the AE index was used to
measure environmental changes in the eastern and western regions
during 2005 and 2015 and to analyze trade and investment in each
province. We  obtained the following conclusions.
First, the pure technological gap between the eastern, cen-
tral, and western regions was still signiﬁcant during the study
period. Therefore, to improve the economic levels in the central
and western regions, we  need to stimulate greater technology ﬂow.
However, according to the empirical results, technological change
in the central region was not as signiﬁcant as that in the east-
ern region. Besides, SHCH and MECH of the central region became
stable since 2011. Because of the disappearance of demographic
dividend, the Chinese economy’s growth rate declined moderately,
and the period of the “New Normal” began from 2011. In China,
economic growth in this period can only be achieved by stimulat-
ing economic transformation and technological innovation. From
the estimation of SHCH and MECH,  the decline in economic growth
rate made enterprises or management staff incapable of adapting
to such changes. From 2011 to 2015, enterprise scale and man-
agement pattern did not change signiﬁcantly, and SHCH and MECH
were in a “dead state” no matter the region—the developed eastern
region or underdeveloped central and western regions.
Secondly, during the sample period, each province made some
changes on the trend of economic growth. Judging from the AE
index, inﬂuences of economic crisis on the eastern, central, and
western regions of China varied. The eastern region was  sensitive
to the ﬂuctuation of the global economy and was able to quickly
adjust production decisions accordingly. The western region lagged
relatively behind, and the production decisions of provinces in this
region were only affected one year after the economic crisis. From
the estimation values of AE,  the AE ﬂuctuation range of the western
region was larger than that of the eastern region, indicating that the
AE effect in the western region was much stronger than that in the
eastern region, although responses of the former to global economic
ﬂuctuation lagged behind. This cause waste of many resources and
lag in management. There was no AE overshoot effect in the central
region, which implied that this region rarely had communication
with the global economy. Hence, this region should enhance coop-
eration and communication with the outside world under the push
of China’s “Rise of Central China” strategy.
Third, trade and FDI had signiﬁcant inﬂuences on government
decisions, especially in three provinces (Jiangsu, Shandong, and
Fujian) of the eastern region, three provinces (Jiangxi, Hunan, and
Henan) of the central region, and one province (Chongqing) of the
Western region. Trade interfered signiﬁcantly with government
decisions in Jiangsu and Jiangxi, while FDI interfered negatively on
government decisions in Henan, Chongqing, Shandong, Liaoning,
and Hunan. Although the government eagerly advocates attract-
ing foreign business and investment, not all FDI  is “introduced”
in good will nor is able to stimulate local economic development.they will be unfavorable to that area’s sustainable development in
long term. When comparing the short-term and long-term objec-
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nology heterogeneity in China: a meta-frontier DEA approach. Econ. Model. 35,M. Song et al. / Process Safety and Env
ive, that is, comparing Group-frontier optimum and Meta-frontier
ptimum, contradiction between them is noticed. Moreover, the
ursuit of short-term and long-term optimums also causes waste
f resources and faults in management.
Finally, based on the MNAE model and AE index discussed in
his study, we consider that different regions in China should focus
n their own advantages and develop local industries with core
ompetitiveness to remain free from inﬂuences of the external
nvironment and short-term beneﬁts. An overall long-term devel-
pment objective should be considered to guarantee long-term
oordinated development between the economy and environment.
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